The total or partial removal of sugarcane (Saccharum spp. L.) straw for bioenergy production may deplete soil quality and consequently affect negatively crop yield. Plants with lower yield potential may present lower concentration of leaf-tissue nutrients, which in turn changes light reflectance of canopy in different wavelengths. Therefore, vegetation indexes, such as the normalized difference vegetation index (NDVI) associated with concentration of leaf-tissue nutrients could be a useful tool for monitoring potential sugarcane yield changes under straw management. Two sites in São Paulo state, Brazil were utilized to evaluate the potential of NDVI for monitoring sugarcane yield changes imposed by different straw removal rates. The treatments were established with 0%, 25%, 50%, and 100% straw removal. The data used for the NDVI calculation was obtained using satellite images (CBERS-4) and hyperspectral sensor (FieldSpec Spectroradiometer, Malvern Panalytical, Almelo, Netherlands). Besides sugarcane yield, the concentration of the leaf-tissue nutrients (N, P, K, Ca, and S) were also determined. The NDVI efficiently predicted sugarcane yield under different rates of straw removal, with the highest performance achieved with NDVI derived from satellite images than hyperspectral sensor. In addition, leaf-tissue N and P concentrations were also important parameters to compose the prediction models of sugarcane yield. A prediction model approach based on data of NDVI and leaf-tissue nutrient concentrations may help the Brazilian sugarcane sector to monitor crop yield changes in areas intensively managed for bioenergy production.
Introduction
Brazil is the largest sugarcane producer in the world, representing 40% of global production [1] . Sugarcane area extends for approximately 9 million ha, with an ethanol production at around 27 billion liters and about 40 million tonnes of sugar [2] . Although Brazil is a major player in the global biofuel market, growing internal and external demands have been stimulated an increase in ethanol production. Considering the current global production of 98.6 billion liters [3] , it will be necessary to double ethanol production to meet the estimated global demand of 200 billion liters in 2021 [4] . In addition, bioelectricity represents an important proportion of the revenues in the industry, and it is projected that about 17% of the domestic electric energy production in Brazil will be provided by sugarcane biomass by 2023 [5] . 31 December 2016. Sources: CEPAGRI [29] and ESALQ [30] . [29] and ESALQ [30] . [29] and ESALQ [30] .
Experimental Design
Within each site, sugarcane was planted in 15 February 2013, using the varieties CTC 14 and RB 867515 in Area 1 and Area 2, respectively. These varieties are broadly cultivated in this sugarcane-producing region of Brazil. Before the experiment was installed, the areas were sampled in order to obtain a chemical and physical characterization of the soils (Table 1) , as previously presented by Satiro et al. [12] . The cane plant (i.e., first cycle) was cultivated for 20 months, thereafter the harvested was performed in 15 October 2014 and the experiments with different rates of straw removal were established. After 14 months, in 17 December 2015, the areas were harvested again and similar experiments were conducted. Leaf sampling and sensor data collection were done during the second sugarcane ratoon season ( Figure 3) . The experiments were mechanically established with harvester, which was set up with different angular velocities on the primary extractor fan while the secondary extractor fan was switched on or off to remove different quantities of sugarcane straw. Details on how extractors were set up are described in Lisboa et al. [7] . 
Within each site, sugarcane was planted in 15 February 2013, using the varieties CTC 14 and RB 867515 in Area 1 and Area 2, respectively. These varieties are broadly cultivated in this sugarcaneproducing region of Brazil. Before the experiment was installed, the areas were sampled in order to obtain a chemical and physical characterization of the soils (Table 1) , as previously presented by Satiro et al. [12] . The cane plant (i.e., first cycle) was cultivated for 20 months, thereafter the harvested was performed in 15 October 2014 and the experiments with different rates of straw removal were established. After 14 months, in 17 December 2015, the areas were harvested again and similar experiments were conducted. Leaf sampling and sensor data collection were done during the second sugarcane ratoon season ( Figure 3) . The experiments were mechanically established with harvester, which was set up with different angular velocities on the primary extractor fan while the secondary extractor fan was switched on or off to remove different quantities of sugarcane straw. Details on how extractors were set up are described in Lisboa et al. [7] . Figure 3 . Timeline of the experiments establishment (at harvesting) and conduction over two years in southeast of Brazil. Source: adapted from Lisboa et al. [19] .
The experimental design was randomized blocks with four treatments (i.e., straw removal rates), and four replications (four plots of ~50 × 25 m). Initially, the aim was to remove the amount of straw proportional to 0%, 25%, 50%, and 100% of the straw yield in each area. However, under field Figure 3 . Timeline of the experiments establishment (at harvesting) and conduction over two years in southeast of Brazil. Source: adapted from Lisboa et al. [19] .
The experimental design was randomized blocks with four treatments (i.e., straw removal rates), and four replications (four plots of~50 × 25 m). Initially, the aim was to remove the amount of straw proportional to 0%, 25%, 50%, and 100% of the straw yield in each area. However, under field conditions, the exact proportion was hard to be achieved, but the removal rates were very close to those proposed (Table 2) . At the start of each experiment period, the sugarcane straw was sampled to determine its elemental composition (Table 3) . Table 3 . Carbon (C) and macronutrient (nitrogen-N, phosphorus-P, potassium-K, calcium-Ca, magnesium-Mg, sulphur-S) content of the sugarcane straw used in each experiment. Overall, this study frames the development of models based on NDVI and plant nutritional status to predict sugarcane yield in field managed with straw removal. Plant tillering, growth, and stalk yield under the same straw management were discussed in detail by Lisboa et al. [19] . Thus, part of the primary data (i.e., amount of straw, characterization and stalk yield) presented on this study (mainly in Material and Methods) were originally shown in Lisboa et al. [19] .
Sites

Calculation of the NDVI
The data were obtained in the field using the FieldSpec Spectroradiometer (ASD-Analytical Spectral Devices Inc., Boulder, CO, USA) hyperspectral sensor. This equipment is classified as a passive hyperspectral sensor that uses the visible and infrared wavelengths (325 to 1075 nm), with a spectral resolution of 3 nm and a view angle of 25 • . Before the canopy reading was initiated, the spectroradiometer was calibrated using the standard Lambertian plate that accompanies the apparatus. This calibration was repeated after reading approximately four plots or whenever a change of light intensity was observed in the field. The NDVI was calculated using Equation (1) .
where NDVI is the Normalized Difference Vegetation Index (unitless); NIR is the near infrared band and R is the red band; NIR represents the reflected light at the near infrared band and R represents the reflected light at the red band. The field evaluations with the hyperspectral sensor were carried out on 28 April 2016 and 4 March 2016 for Areas 1 and 2, respectively, four months after harvesting. This period coincides with the recommended period for foliar diagnosis in sugarcane crop [31] . The evaluations were always carried out on sunny days, between 10:00 a.m. The satellite images were obtained from the satellite CBERS-4 (China Brazil Earth Resources Satellite) on the 17 March 2016 and the 4 May 2016 for Areas 1 and 2, respectively. The images presented a spatial resolution of 5 m, radiometric resolution of 8 bits and wavelength of 0.50-0.840 µm. As the panchromatic band of CBERS-4 was supplied in digital numbers without atmospheric calibration, the images were submitted to atmospheric correction according to Vermote et al. [32] . To perform NDVI calculations, the image was converted to surface reflectance according to the method described by Carlotto [33] .
Plant Parameters
After measurements to calculate the NDVI, 50 leaves (i.e., the diagnose leaf) were randomly collected from each plot for the determination of the leaf-tissue nutrient content. The third leaf from top to bottom of the stalk with clearly visible dewlap, is the most photosynthetically active and is used for monitoring the nutritional status of sugarcane crop [31] . As the panchromatic band of CBERS-4 was supplied in digital numbers without atmospheric calibration, the images were submitted to atmospheric correction according to Vermote et al. [32] . To perform NDVI calculations, the image was converted to surface reflectance according to the method described by Carlotto [33] .
After measurements to calculate the NDVI, 50 leaves (i.e., the diagnose leaf) were randomly collected from each plot for the determination of the leaf-tissue nutrient content. The third leaf from top to bottom of the stalk with clearly visible dewlap, is the most photosynthetically active and is used for monitoring the nutritional status of sugarcane crop [31] .
At the end of the ratoon cycle, approximately one year after previous harvesting, the sugarcane yield was quantified. The fresh stalk mass was mechanically harvested from the five central rows (500 m long covering an area of 525 m 2 ) of each plot, weighed in the field using a wagon coupled to a balance and the results expressed in Mg ha −1 .
Data Analysis
The data were initially subjected to exploratory analysis (descriptive statistics), aiming to verify the position and dispersion of the data using the Statistical Analysis System (SAS) 9.4 Software Package for Windows 8 (SAS Inc, Cary, NC, USA).
In order to select the explaining variables of stalk yield, a stepwise multiple regression (Y = a + b 1 x 1 + b 2 x 2 + ... + b n x n ) was applied. This functions by the systematic addition or removal of variables in the regression, based on a statistical test of significance for each variable (p < 0.05). The final model includes only those variables that have a decisive influence on the dependent variable. The models were evaluated according to the coefficient of determination, residual standard error and the Durbin-Watson test. The Durbin-Watson test ranges from 0 to 4, where values closer to 2 indicate optimal values [34] , i.e., the absence of autocorrelation in the data. The means of variables selected by stepwise multiple regression were compared according to Tukey's test (p < 0.05). In addition, the overall model that pools data from both studied areas was tested through sensitivity analysis, where position measurements (maximum, minimum, and mean) of each selected variable were inserted independently in the model, aiming to evaluate the resulting variations in sugarcane yield.
Finally, a model validation process was carried out with 30% of the data that were not used to generate the models. The relationship between the observed and predicted values were evaluated by the root mean square error (RMSE). The Pearson correlation matrix was also used to evaluate the relationship between observed and predicted productivity of sugarcane with variables selected with the stepwise models.
Results
NDVI Values
The NDVI obtained using the data from the hyperspectral sensor and the satellite images presented differences with respect to the distribution and magnitude of the values between the experimental areas ( Figure 5 ). In Area 1, the NDVI values using the sensor and the satellite images ranged between 0.60 to 0.80 and 0.40 to 0.60, respectively. However, in Area 2 the NDVI values were smaller, ranging between 0.40 to 0.70 and 0.20 to 0.50 for the sensor and the satellite images, respectively. On average, NDVI values (from both methodologies) were 34% higher in Area 1 than in Area 2.
In both experimental areas, only the NDVI values derived from hyperspectral sensor followed a normal distribution ( Figure 5 ). The largest differences were found in the NDVI values derived from the satellite images, especially when the removal rates were 25% and 50% for Area 1 and Area 2, which did not follow a normal data distribution. Although there are variations between NDVI derived by these two methods, the results showed a quite similar pattern in the variations of the NDVI data due to straw removal rates.
Sugarcane Leaf-Tissue Nutrient Concentration
The nutrient concentration in the sugarcane leaves varied according to the straw removal rate at both sites (Figures 6 and 7) . The greatest variation was observed in the elements K (5 to 15 g/kg −1 ) and Ca (2 to 6 g/kg −1 ), whereas that the variation was less intense for the other elements. Despite that, for the majority of cases, nutrient data did not followed a normal distribution (Figures 6 and 7) . 
Sugarcane Yield
Sugarcane yield varied from 60 to 85 Mg ha −1 and from 10 to 30 Mg ha −1 for the Areas 1 and 2, respectively. On average, sugarcane yield was three times higher in Area 1 than in Area 2 ( Figure 8 ). Our findings showed that straw removal rates did not linearly affect sugarcane yield, but it depends on the site-specific characteristics related to soil, climate, and variety. 
Sugarcane yield varied from 60 to 85 Mg ha −1 and from 10 to 30 Mg ha −1 for the Areas 1 and 2, respectively. On average, sugarcane yield was three times higher in Area 1 than in Area 2 ( Figure 8 ). Our findings showed that straw removal rates did not linearly affect sugarcane yield, but it depends on the site-specific characteristics related to soil, climate, and variety. The data did not follow a normal distribution for the majority of the treatments (Figure 8 ), except for data from 25% and 0% straw removal plots in Area 1 and 2, respectively.
Modelling Sugarcane Yields by Stepwise Analysis
Explaining variable of sugarcane yield were selected for each straw removal rate using stepwise analysis ( Table 4 ). The NDVI obtained from satellite images was more efficient to predict sugarcane yield compared to NDVI derived from hyperspectral sensor, and therefore, this parameter was included in all the models. The data did not follow a normal distribution for the majority of the treatments (Figure 8 ), except for data from 25% and 0% straw removal plots in Area 1 and 2, respectively.
Explaining variable of sugarcane yield were selected for each straw removal rate using stepwise analysis ( Table 4 ). The NDVI obtained from satellite images was more efficient to predict sugarcane yield compared to NDVI derived from hyperspectral sensor, and therefore, this parameter was included in all the models. The nutrients that most influenced crop yield were P and N, being included in the model for at least one straw removal rate in both experimental areas; while the K and Ca were only included in the models for the removal rates of 0% and 25% for Area 1 and 100% for Area 2. Overall models for Area 1 and 2, separately and together, included the parameters such as NDVI obtained from the satellite images, leaf-tissue concentration of P and N.
The models presented efficient performance to predict the sugarcane yield (Table 4) . In Area 1, the r 2 values varied between 0.85 and 0.94 with the highest SRE encountered under the 50% removal rate (4.07%). The r 2 values varied between 0.76 and 0.94 for Area 2, with the highest SRE observed under the 25% removal rate (8.65%). Although SRE of 8.65% was the highest value observed in the two areas it was considered acceptable by the validation of the model. In the overall models, the r 2 and SRE values for Areas 1 and 2 were 0.97% and 2.56%, and 0.88% and 3.86%, respectively, and for the general model representing both areas the r 2 and SRE values were 0.89% and 1.79%, respectively. For the models generated individually for each straw removal rate in each of the two areas, for the general models for each area and for the general model representing both areas, the Durbin-Watson test values were similar, with values ranging between 1.44 and 1.78. These values were close to 2 (ideal threshold), showing that the data do not present autocorrelation [34] . The sensitivity analysis of the overall model for Areas 1 and 2, showed that yield ranged 11% (i.e., 39.2 to 52.5 Mg ha −1 ) when the selected parameter changed from the minimum to maximum value. Individually, variation on NDVI, P, and N impacts were 55.84%, 55.03%, and 53.10% in the sugarcane yield.
Effect of Sugarcane Straw Removal on Selected Yield-Explaining Variables
The comparison of the means of the selected variables by the stepwise model indicated that sugarcane yield was not altered by straw removal management within the study period (Figure 9a) . In relation to the variables that explained the sugarcane yield, it was observed that 25% straw removal rate induced a reduction in the NDVI, using the satellite image data (Figure 9b) , and the leaf-tissue P content (Figure 9d ) in Area 1. However, 50% straw removal rate induced an increase in the NDVI, using the satellite image data (Figure 9b 
Validation of Models
The models were validated based on relationship between observed and predicted values ( Figure 10 ). In general, the results revealed increases of estimate errors (i.e., RMSE values) with the increase in the straw removal rate (0% to 100% straw removal rate). The highest values were observed for the rates of 50 (10.34 Mg ha −1 ) and 100% (4.15 Mg ha −1 ) for Areas 1 and 2 respectively. The overall model, including Areas 1 and 2, was efficient to predict the sugarcane yield, presenting RMSE of 0.77 Mg ha −1 . 
The models were validated based on relationship between observed and predicted values ( Figure 10 ). In general, the results revealed increases of estimate errors (i.e., RMSE values) with the increase in the straw removal rate (0% to 100% straw removal rate). The highest values were observed for the rates of 50 (10.34 Mg ha −1 ) and 100% (4.15 Mg ha −1 ) for Areas 1 and 2 respectively. The overall model, including Areas 1 and 2, was efficient to predict the sugarcane yield, presenting RMSE of 0.77 Mg ha −1 . Observed (OY) and predicted (PY) yield data presented satisfactory performance when compared to the variables selected through the stepwise models (Table 5 ). Leaf-tissue P concentration presented negative correlation with OY and PY yield data for the Area 1 subjected to all rates of straw removal (i.e., 0%, 25%, 50%, and 100%). Similar pattern was also observed to the general model for the same area. While for Area 2, P presented negative correlation with PY and OY data only under 50% of straw removal. In addition, N presented positive and significant correlations with OY and PY data from Area 1 under 50% and 100% of straw removal as well as for general model for this area, coefficients of correlation (r) ranged from 0.33 to 0.68. The correlations among NDVISI, OY, and PY data were positive for all rates of straw removal and overall model for the area 1. Same pattern was verified for all rates of straw removal in the Area 2, except for the rate of 25% of straw removal; coefficients of correlation ranged from −0.40 to 0.93 in Area 2.
It taking into account overall model established for both areas, leaf-tissue concentrations of P and N were significantly correlated with stalk yield, but in different order, as follow: P negatively correlated with OY (r = −0.45) and PY (r = −0.50) data, while N was positively correlated with OY (r = 0.55) and PY (r = 0.58) data. Similarly, NDVISI correlated positively with OY (r = 0.60, p < 0.05) and PY (r = 0.68, p < 0.05) data. Observed (OY) and predicted (PY) yield data presented satisfactory performance when compared to the variables selected through the stepwise models (Table 5 ). Leaf-tissue P concentration presented negative correlation with OY and PY yield data for the Area 1 subjected to all rates of straw removal (i.e., 0%, 25%, 50%, and 100%). Similar pattern was also observed to the general model for the same area. While for Area 2, P presented negative correlation with PY and OY data only under 50% of straw removal. In addition, N presented positive and significant correlations with OY and PY data from Area 1 under 50% and 100% of straw removal as well as for general model for this area, coefficients of correlation (r) ranged from 0.33 to 0.68. The correlations among NDVI SI , OY, and PY data were positive for all rates of straw removal and overall model for the area 1. Same pattern was verified for all rates of straw removal in the Area 2, except for the rate of 25% of straw removal; coefficients of correlation ranged from −0.40 to 0.93 in Area 2.
It taking into account overall model established for both areas, leaf-tissue concentrations of P and N were significantly correlated with stalk yield, but in different order, as follow: P negatively correlated with OY (r = −0.45) and PY (r = −0.50) data, while N was positively correlated with OY (r = 0.55) and PY (r = 0.58) data. Similarly, NDVI SI correlated positively with OY (r = 0.60, p < 0.05) and PY (r = 0.68, p < 0.05) data. 
Discussion
Effect of Straw Removal on the Leaf-Tissue Nutrient Concentration and Sugarcane Yield
Sugarcane straw removal had little or even no impacts on leaf-tissue nutrient content (Figures 6  and 7) . Nutrient cycling in the soil was minimally affected by the straw removal rates in the short term [12] , and therefore, plant nutrition was little affected. Among the evaluated elements, K and Ca presented the largest variations in both experimental areas. The sugarcane straw can recycle about 80-100 kg ha −1 of K [35, 36] . According to Rosolem et al. [37] , more than 80% of the K is present in a soluble form in plant tissues, which makes this element easily leached from plant tissues [9] for later absorption by the plant root system. Unbalanced absorption of K may also change Ca content in plant tissues, since both elements interfere in the physiological process of transporting sugars into the plant [38] .
Although K and Ca were the most variable in the plant tissues as a function of straw removal, N and P were the most sensitive nutrients to the straw removal rates (Figure 9c,d) . When compared to other nutrients-such as P, K, Ca, Mg, and S-N presented the largest reduction in the soil with straw removal [39] . On the other hand, straw removal led to small reductions in the level of soil P, since the content of this element in straw is low (Table 3) . However, the majority of P is highly adsorbed in the soil particles (especially Fe and Al oxides) [40] , thus, small inputs of P in organic forms via straw decomposition can be important to increase plant-availability P in the soils [41] . In addition, the organic acids released during straw decomposition may compete for adsorption sites and increase the availability of phosphate ions in the soil solution [42] .
The sugarcane yield varied three times between the two areas evaluated (Figure 8 ). This difference may be related to the greater soil fertility of Area 1, in which soil P, K, Ca, and Mg contents and base saturation percentage were on the average 42%, 55%, 69%, 67%, and 29%, respectively higher than Area 2. Thus, higher soil fertility in Area 1 likely allowed that plants accumulate higher levels of these nutrients in the leaf tissue, which is directly related to the increase of the sugarcane yield [43] . Sugarcane presents high nutritional needs once it a crop that remains in the field for several years (~5 to 8 years), with high nutrient removal in each annual harvesting cycle. Therefore, improper replenishment of nutrients is one of the reasons for yield loss during the annual harvesting cycles [44, 45] .
The sugarcane straw removal did not affect biomass production (Figure 9a ). These results are in agreement with other studies reporting that the removal of up to 50% of the straw produced did not impact crop yield [18, 19, 46] . In addition, through an extensive literature review, Carvalho et al. [9] suggested that at least 7 Mg ha −1 of straw should remain on the soil surface to sustain suitable soil functioning and plant yield over time. However, as the crop tends to lose the productive potential (stalk and straw) over successive harvesting cycles [19, 47] , the amount of straw that should be removed after each harvesting cycle may be different.
Over the past few years, studies have brought very relevant understanding about the impacts of straw removal management on soil quality [12, 14, 36, 48] , SOC accumulation [49, 50] , greenhouse gas emissions [51] [52] [53] , plant growth and stalk yield [18, 19, 46, [54] [55] [56] . Despite this fact, future studies are essential to understand the long-term implications of straw removal management on soil and stalk yield. So far, we only have prediction performed by DayCent model of sugarcane straw removal impacts on SOC accumulation across the different soil types within the main core occupied with the crop in Brazil (i.e., central-south region) [49, 50] . However, these estimates performed by Carvalho et al. [49] and Oliveira et al. [50] still have to be validated by long-term experiment, still inexistent in Brazil. The same statement is true for the yield prediction models developed in this present study, which gave us relevant insights related to the potentialities of NVDI and leaf-tissue nutrient concentration to predict sugarcane yield in fields impacted by straw removal management.
NDVI Acquisition by Satellite Image vs Hyperspectral Sensor
The quality of the data used to calculate the NDVI is affected by interference from diverse factors, depending on the form of data acquisition. When satellite images are used, although the data is collected with minimum cloud cover, the interference of these few clouds at the moment of data acquisition could alter the quality of the incident and reflected radiation [57] . Besides this, the capture of satellite images tends to suffer a greater influence from the soil than that experienced using the hyperspectral sensor, where readings are taken above the canopy and rows with minimal soil influence. Thus, the NDVI values using satellite images are normally lower [58] . These interferences explain the difference of 34% observed between the NDVI using the hyperspectral sensor those obtained using satellite images for the sugarcane in the two experimental areas ( Figure 5 ). Although several studies have shown a high correlation between the NDVI obtained using hyperspectral sensor and satellite image data [59, 60] , we suggest caution when choosing the spectral data acquisition platform to calculate the NDVI.
The NDVI from the satellite images data was included in all the models generated (Table 4 ) and was efficient for detecting the effects of straw removal rates on sugarcane yield in Areas 1 and 2 ( Figure 9b ). In spite of limitations attributed to NDVI data derived from satellite images, the results showed that acquired data from satellite images better represented the variation in sugarcane yield [61] . This type of data acquisition has the advantage that it can be applied for larger areas in relation to the data acquired using hyperespectral sensors, which are generally limited to smaller areas of the crop canopy.
Sugarcane Yield Prediction Using the NVDI and Leaf-Tissue Nutrient Concentration
In all the stepwise models established to estimate sugarcane yield as a function of each straw removal rate, the NDVI was included (Table 4 ). This inclusion can be explained by the fact that most of models used to estimate sugarcane yield are based on the estimated biomass production [62] . This would explain, at least in part, the efficiency of the NDVI to detect stalk yield changes as a function of the straw removal rates, as this index has a high correlation with crop biomass [63] .
Among the nutrients included in the site-specific models (i.e., N, P, and K for Area 1; and N, P, and Ca for Area 2), only N and P were included in the overall model for the two areas (Table 4 ). Nutrients such as N and P are present in larger quantities in younger plants, being more sensitive to changes caused by different management systems [64, 65] . In addition, the relationship of these nutrients with the NDVI in the models was expected due to the influence of these elements on the photosynthetic process, which in turn, change the spectral responses by the plant, influencing the NDVI [66, 67] . In this approach, other studies can be performed to identify the spectral signatures of the nutrients in the leaves so that the model can only be applied using spectral data.
The performance of the models in the validation process were also satisfactory when observed RMSE values between the rates of 0% to 100%, ranged from 0.24 to 10.34 Mg ha −1 for the area 1 and 0.99 to 4.15 Mg ha −1 for Area 2 ( Figure 10) . These values agree with those reported by Fernandes et al. [68] , which found RMSE values of predicted sugarcane yields ranged from 7.20 to 11.00 Mg ha −1 . In addition, the sensitivity analysis showed that overall model for Areas 1 and 2 provides a satisfactory margin for the prediction of sugarcane yield with similar soil and climate conditions of this study. Therefore, the overall model performance showed NDVI from satellite images and leaf-tissue nutrient concentrations can be useful and alternative tool to improve the sugarcane yield predictions.
Conclusions
The normalized difference vegetation index (NDVI) can be a useful tool for predicting sugarcane yield in fields managed with straw removal management in Brazil. Between the methods of data acquisition to calculate NDVI, satellite image was more efficient than hyperspectral sensor for detecting straw removal effects on sugarcane yield. In addition, concentrations of leaf-tissue N and P were also important parameters to develop the prediction models of sugarcane yield.
Prediction model approach based on data of NDVI and concentration of leaf-tissue nutrients collected in early stages of crop growth can help the Brazilian sugarcane sector to predict crop yield in fields intensively managed for bioenergy production. In addition, these models can be used for monitoring spatio-temporal crop yield changes induced by straw removal and supporting decision making towards a more sustainable crop residue management in Brazilian sugarcane fields. The sugarcane yield prediction models developed in this study have to be further tested and validated using data from long-term straw removal experiments, so far, still inexistent in Brazil.
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